Living cells optimize their fitness against constantly changing environments to sur-14 vive. Goal attainment optimization is a mathematical framework to describe the si-15 multaneous optimization of multiple conflicting objectives that must all reach a perfor-16 mance above a threshold or goal. In this study, we applied goal attainment optimization 17 to harness natural modularity of cellular metabolism to design a modular chassis cell for 18 optimal production of a diverse class of products, where each goal corresponds to the 19 minimum biosynthesis requirements (e.g., yields and rates) of a target product. This 20 modular cell design approach enables rapid generation of optimal production strains 21 that can be assembled from a modular cell and various exchangeable production mod-22 ules and hence accelerates the prohibitively slow and costly strain design process. We 23 formulated the modular cell design problem as a blended or goal attainment mixed 24 integer linear program, using mass-balance metabolic models as biological constraints. 25 By applying the modular cell design framework for a genome-scale metabolic model 26 of Escherichia coli, we demonstrated that a library of biochemically diverse products 27 could be effectively synthesized at high yields and rates from a modular (chassis) cell 28 with only a few genetic manipulations. Flux analysis revealed this broad modular-29 ity phenotype is supported by the natural modularity and flexible flux capacity of core 30 metabolic pathways. Overall, we envision the developed modular cell design framework 31 provides a powerful tool for synthetic biology and metabolic engineering applications 32 such as industrial biocatalysis to effectively produce fuels, chemicals, and therapeutics 33 from renewable and sustainable feedstocks, bioremediation, and biosensing. 34 Keywords-Biocatalysis, modular cell, ModCell, modular design, metabolic network mod-35 eling, constraint-based modeling, multi-objective optimization, mixed integer linear programming, 36 goal programming, Benders decomposition. 37 1 Introduction 38
The modular cell design problem is stated as a general multi-objective optimization problem of the form: 
where f k is the desirable phenotype for production module k, x are the problem variables including binary design variables corresponding to genetic manipulations, and X is the set of constraints including mass balance of metabolism. Optimal solutions for the multi-objective optimization problem (1) are defined using the concept of domination: A vector a = (a 1 , . . . , a K ) dominates another vector b = (b 1 , . . . , b K ) , denoted as a ≺ b, if and only if a i ≥ b i ∀i ∈ {1, 2, . . . , K} and a i = b i for at least one i. A feasible solution x * ∈ X of the multi-objective optimization problem is called a Pareto optimal solution if and only if there does not exist a vector x ∈ X such that F (x ) ≺ F (x * ). The set of all Pareto optimal solutions is called Pareto set:
Given the feasible metabolic flux space, Π km , the following design objectives, based on the product synthesis rate reaction, v P km , are of interest:
The product synthesis fluxes, including v P kµ , v max P kµ , v P kμ , and v max P kμ , are computed by solving the following linear programming problems:
v P kµ ∈ arg max{v Xkµ − v P kµ : v kµ ∈ Π kµ (e jk )} (10) v max P kµ ∈ arg max{v P kµ : v kµ ∈ Π kµ (e jk = 1, ∀j ∈ J k )} (11) v P kμ ∈ arg min{v P kμ : v kμ ∈ Π kμ (e jk )} (12) v max P kμ ∈ arg max{v P kμ : v kμ ∈ Π kμ (e jk = 1, ∀j ∈ J k )} (13)
All the constraints of the modular cell design problem are gathered as follows:
Ω := {f k ∈ R, y j , z jk , d jk , w k , e jk ∈ {0, 1} :
e jk = (d jk ∧ w k ) ∨ ¬w k ∀j ∈ C, k ∈ K (20)
Constraints (15)-(18) are formulated for practical limitations and features of the modular cell.
that reaction j is deleted in production network k if the reaction is deleted in the chassis and not 135 added as an endogenous module reaction. The designer can gradually increase α and β k to obtain 136 solutions with higher performance.
137
Constraints (19)-(21) are introduced for modeling purposes. The indicator variable, w k , is 138 introduced to allow for certain production networks to be ignored from the final solution. Without 139 w k , the whole multi-objective problem becomes infeasible if a set of deletions renders one of the 140 production networks infeasible (e.g., its minimum growth rate cannot be accomplished). However, 141 in practice it is acceptable for some modules not to work with the chassis cell. If w k = 0, the 142 objective value f k = 0 (19) and reaction deletions do not apply to network k since e jk = 1 (20); if 143 w k = 1, f k = f k and e jk = d jk , where f k is any of the design objectives presented earlier (7)-(9).
144
The use of w k is likely to introduce symmetry (i.e., alternative integer solutions with no practical 145 meaning) due to cases where f k = 0 for a given k while the associated production network remains 146 feasible, allowing w k to take a value of 0 or 1. This symmetry is removed by enforcing w k to be 0 d jk = y j ∨ z jk corresponds to:
f k = f k w k corresponds to:
e jk = (d jk ∧ w k ) ∨ ¬w k , given r jk = d jk ∧ w k , corresponds to:
Linearization of inner optimization problems 157
Non-linear constraints expressed as linear programming problems can be linearized using basic mathematical programming theory. Consider the following canonical linear program, with primal variables x ∈ R n and its dual variables u ∈ R m :
the strong duality theorem states that the objective functions of primal (36) and dual (37) are equal at their optima, c x * = b y * . Thus the optimal solution to the primal problem is described by the following linear constraints:
Using the strong duality theorem as presented by Maranas and Zomorrodi, 22 the inner optimization problems (22) are linearized as follows:
Constraints (44)-(45) correspond to the primal metabolic network problem and were introduced 158 earlier in Π km . Constraints (46)-(49) correspond to the dual problem. We use the dual variables, 159 λ ikm , for the primal mass balance constraints (44), together with µ l jkm and µ u jkm for the primal flux The multi-objective optimization problem (1) is now described entirely in terms of linear constraints 169 through Ω. However, to make the formulation compatible with MILP solver algorithms, the objec- In the blended formulation, 23 all objectives are summed as follows:
where a k is a scalar weighting factor associated with the design objective of product k. Different
174
Pareto optimal solutions can be obtained by varying these weights. The blended formulation always 175 provides Pareto optimal solutions as long as a k > 0 (∀k ∈ K). In practice, the product priority, 176 a k , can be determined by criteria such as product market value or "pathway readiness level" (i.e., 177 certain pathways are easier to engineer than others).
Goal attainment formulation
In the goal attainment problem, 23 a target value is defined for each objective:
s.t.
The problem seeks to minimize the variables δ + k and δ − k that represent the deficiency and excess of 180 the objective f k from the target value g k , respectively. Weighting parameters a + k and a − k correspond 181 to different types of discrepancy to be minimized. In general, when it is important to meet the 182 target value without exceeding it, we set a + k = a − k = 1; however, when the design objective is 183 required to be greater or equal than the target value, we set a + k = 1 and a − k = 0, effectively (Table 2) . 25-34 These models were configured as in the previous ModCell2 study 13 , briefly:
197 Anaerobic conditions were imposed by setting oxygen exchange fluxes to be 0, and the glucose up-198 take rate was constrained to be at most 10 mmol/gCDW/h. When using the genome-scale model 199 iML1515 to simulate wGCP designs, only the commonly observed fermentative products (acetate,
200
CO 2 , ethanol, formate, lactate, succinate) were allowed for secretion as described elsewhere. that interface with the production modules (Figure 3d ).
317
Using the reduced candidate reaction deletion set, ModCell2-MILP could find an optimal solu-318 tion in ∼ 30 min and enumerated all optimal solutions in ∼ 8 hours. All the optimal solutions found 319 by ModCell2-MILP in this case were in agreement with those previously found in ModCell2. 13 The designed universal modular cell (Section 3.2.2) can theoretically adapt to the contrasting 338 metabolic requirements of all production modules (Table 2) . To gain further insight into this unique metabolic capability of the modular cell and its potential to be realized in practice, we analyzed its reference flux distributions (Section 2.3.1) across the production networks. Reactions with the the threshold, indicating highly conserved metabolic core pathways among production networks.
347
Only 9.5% of the active reactions presented a standard deviation magnitude above the threshold 348 ( Figure 5a ).
349
In our case study of designing a universal modular cell compatible with all 20 production mod- Weighting factor applied to the objective function for production network k in the blended 560 formulation. Note that in our study a k = 1, ∀k ∈ K was used unless otherwise noted. The goal programming objective value (58) in the y-axis measures the difference between the performance of production strains and the target goal, i.e., k∈{k∈K:f k <g k } (f k −g k ) where the target goal is set to be g k = 0.5. The parameters α = 6 and β = 1 are sufficient to identify a universal modular cell design meeting the required goal for all production networks. (b) Comparison between the yield performances of the designed modular production strains and maximum theoretical values. (c) The feasible flux spaces for the wild-type (gray) and designed modular production strains (crimson). Based on the wGCP design phenotype, to increase growth rate, each mutant must increase product synthesis rate. The genetic manipulations of this universal modular cell design are indicated in the metabolic map of Figure 5c . 
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